Objective: We report on temporally clustered seizures detected from continuous long-term ambulatory human electroencephalographic data. The objective was to investigate short-term seizure clustering, which we have termed bursting, and consider implications for patient care, seizure prediction, and evaluating therapies. Methods: Chronic ambulatory intracranial electroencephalography (EEG) data collected for the purpose of seizure prediction were annotated to identify seizure events. A detection algorithm was used to identify bursts of events. Burst events were compared to nonburst events to evaluate event dispersion, duration and dynamics. Results: Bursts of seizures were present in 6 of 15 subjects, and detections were consistent over long-term monitoring (>2 years). Subjects with bursts of seizures had highly overdispersed seizure rates, compared to other subjects. There was a complicated relationship between bursts and clinical seizures, although bursts were associated with multimodal distributions of seizure duration, and poorer predictive outcomes. For three subjects, bursts demonstrated distinctive preictal dynamics compared to clinical seizures. Significance: We have previously hypothesized that there are distinct physiologic pathways underlying short-and long-duration seizures. Herein we show that burst seizures fall almost exclusively within the short population of seizure durations; however, a short duration event was not sufficient to induce or imply bursting. We can therefore conclude that in addition to distinct mechanisms underlying seizure duration, there are separate factors regulating bursts of seizures. We show that bursts were a robust phenomenon in our patient cohort, which were consistent with overdispersed seizure rates, suggesting long-memory dynamics.
Investigation into the phenomenon of epileptic seizure clustering has endured since the seminal work of Gowers, 1 proposing "seizures beget seizures," suggesting that seizures are involved in the generation of subsequent seizures. It is now well established that epileptic activity shows a propensity to cluster in time. 2, 3 However, it is not clear whether the underlying mechanisms of seizure generation or termination are causally related to subsequent interseizure intervals. An increased understanding of the long-term distribution of seizures will assist in the clinical treatment and prediction of seizures.
A fundamental question is whether consecutive seizures occurring over a short window reflect a single epileptic process or multiple distinct events. One hypothesis is that multiple seizures occur when postictal inhibitory mechanisms do not prevail over the capacity for seizures to selftrigger. 4 In addition, it has also been suggested that there are seizure-induced alterations that increase excitability, thereby promoting secondary attacks. 5 An alternative hypothesis is that interseizure intervals reflect scale-free dynamics, where there are correlations between intervals such that temporal clusters of seizures arise naturally. [6] [7] [8] To date there is little conclusive evidence to show that seizures within temporal clusters are causally linked, or have different physiologic mechanisms than isolated seizures.
Seizure clustering, also known as acute repetitive seizures, can lead to hospital admission, 2 status epilepticus, 9 and increased mortality, 10 and is also linked to an increased risk of postictal psychosis. 11 Seizures that occur in temporal clusters have been shown to be less spatially independent than other seizures, which may reduce their information content when localizing seizure foci. 12 Understanding the effects of clustered seizures has important clinical implications for assessing treatment efficacy.
From a statistical perspective, the presence of temporal clusters implies a structure or memory in event timings, which provides some degree of predictability. Clustered events can be considered to have a dependence on previous intervals. Alternatively, if seizure events occurred at purely random times, the interseizure interval would follow a Poisson distribution, in which the mean and variance are equal, and seizure events are independent of one another. Periodic environmental factors, such as time of day, or fluctuating stress hormone levels may also increase the predictability of interseizure intervals, 13 through the introduction of a characteristic time scale. Previous studies have shown that the conditional wait time for epileptic seizures is dependent on the elapsed time, rather than being Poisson/random.
14 Furthermore, autocorrelation analysis of long-term time series or recorded seizures has also demonstrated long-range dependence between interevent intervals, quantified by the Hurst exponent. 15 However, it remains to be demonstrated whether knowledge of previous intervals can be used in a clinically relevant predictive model of future seizures.
Previous reports of the temporal distribution and duration of seizures, particularly subclinical events, provide valuable insights but are limited in accuracy, as subject diaries record only clinical events (with low sensitivity). 16, 17 Presurgical evaluation electroencephalography (EEG) monitoring is short term (<7 days) and typically records more subclinical events than clinical seizures. It remains unclear whether there is a relationship between repetitive subclinical seizures and clustering of clinical seizures. Hence, there is a need to monitor temporal patterns of epileptic activity in a long-term, ambulatory setting.
In this article, we report on a long-term, intracranial EEG study of continuous ambulatory recordings from 15 subjects with drug-resistant focal epilepsy. We define closely recorded events (incorporating both clinical and subclinical seizures) as bursts, in order to distinguish them from clustered seizures, which contain exclusively clinical events and are typically measured over longer time spans (8-24 h ). We present a method for detecting bursts of seizures based on statistical and graphical approaches that have previously been applied to detecting burst sequences in neural spike trains. 18, 19 We found that subjects with bursts of seizures also showed highly variable seizure counts (both clinical and subclinical) across a range of temporal scales. This finding aligned with the well-established idea that clustered events are associated with overdispersed data, 7 where extreme deviations from the average rate are likely. Overdispersion poses challenges when it comes to a clinical interpretation of seizure bursts/clusters, as there is no "typical" seizure frequency that can be used to measure abnormally short intervals or, more importantly, evaluate the response to new treatment.
Materials and Methods

Data
Data for the study were collected from a clinical trial of an implantable seizure advisory device. For a more detailed account of the data collection procedures and demographics of the 15 subjects, the reader is referred to Cook et al. 20 In short, two intracranial electrode arrays with a total of 16 platinum iridium contacts were implanted over the epileptogenic zone. Data were sampled at 400 Hz and wirelessly relayed to an external, portable personal 20 who considered type 1 and type 2 events as equally relevant for seizure prediction. Detection of subclinical seizures events was subject to interreader variability; however, it is possible to detect temporal patterns even from a poorly resolved, or noisy sample of seizures. 15 
Detection of bursts
There is no standard method to identify bursting in time series events; therefore, in this work we incorporate multiple statistics based on algorithms used for burst detection in neuron spike trains. In spiking neurons, bursts have been identified as brief regions of closer than commonly observed spikes, or, regions of greater statistical homogeneity of interspike durations. 18, 22 We defined a burst as the occurrence of at least 10 seizures (of any type) occurring within a 40-min time window. The detection window was incremented with a 50% overlap.
To ensure detections were robust, we investigated the consistency of the identified seizures using multiple constraints. To compare concordance between different approaches we used graphical methods, and also evaluated the consistency between the number of detected bursts and statistics of seizures within the burst (mean and standard deviation of duration). Large discrepancies in the number of detected bursts could indicate that detection results were not robust. We investigated concordance between burst detection on raw seizure time for windows between 30 and 60 min, and where seizures were grouped based on the natural logarithm of the seizure time. We also investigated the agreement between detections using a method based on the approach of Turnbull et al., 19 in which the maximum interseizure interval for consecutive events did not exceed 10 min.
Comparison of results yielded concordances between 0.88 and 1.0, and the matching analysis between any pair of methods was always better than 0.0035% error in the timing of burst onset (see Fig. S1 ).
Statistical analyses
All statistical analyses were undertaken in Stata (version 14.1; Stata Corp, College Station, TX, U.S.A.) and MATLAB (version 8.5, R2015a; The Mathworks Inc., Natick, MA, U.S.A.). To corroborate burst detection, we investigated the Fano factor of subjects' seizure rates. The Fano factor is the ratio of the event rate variance to the mean, and is used to quantify variability in time series data. 23 A Poisson process results in a Fano factor equal to one, whereas clustering event series (for example intrinsically bursting neurons) have a Fano factor >1. We investigated this measure for the total seizure count over time windows of days, weeks, and months for all 15 subjects.
We investigated the hypothesis that bursts reflect a generative process different from stand-alone seizures by comparing the preburst dynamics and preictal dynamics of lead seizures using the average energy profile. The total signal energy was calculated in a 10 s window (5 s overlap) for 3 h prior to burst or lead seizure onset. Lead seizures were defined as seizures with at least a 5h seizure-free interval beforehand. Energy was calculated for all 16 channels, and averaged over the number of events (bursts or lead seizures). Subject 12 was excluded from the energy analysis, because the EEG signal was confounded by thousands of spike-wave discharges, and other short (typically <5 s) epileptiform discharges. These events are defined as abnormal activity on the EEG that were not categorized during the original trial (example recordings are given in Fig. S2 ). Consequently, there were no well-defined lead seizures to include in an energy comparison.
Finally, we evaluated whether the presence of seizure bursts was associated with clustering, using an existing clinical definition of three clinical seizures in a 24h period. 2 Because our database also included unreported seizures, we chose a higher threshold for clustering, defined as at least five clinical (type 1 or type 2) seizures in a 24h window (50% overlap).
Results
Bursts were detected in 6 of 15 subjects (40%). An example burst recording on electrocorticography (ECoG) is shown in Supporting Information (Fig. S2) . We also investigated burst detection, with the minimum number of events defined as 5-15 events per 40 min, which did not greatly alter our findings compared to the threshold of 10 events. These results show that clustering of seizures occurs over long-term recording where subjects are undergoing regular day-to-day activity. Figure 1A ,B shows seizure durations and interseizure intervals plotted on a logarithmic scale for the subjects in which bursts were detected. Interseizure interval is defined as the interval between the end of one seizure and the start of the next. Seizures that occurred within a burst are shown in orange. By definition, the interseizure intervals within a burst are much shorter than other intervals, with the exception of the first interval that pertains to the time before the cluster onset. Figure 1 also demonstrates the emergence of long-term patterns, for example, two instances showing transient increase in seizure activity for subject 7. It is important to note that subjects were on varying medication Scatterplot showing duration and interseizure intervals of bursts. Subplots show seizures within bursts (orange) and all other seizures (blue) over the duration of the trial (years) for the six subjects for whom bursts were detected (subjects 3, 7, 9, 10, 12, and 13). Clinical (type 1) and clinically equivalent (type 2) seizures are shown as asterisks. (A) Seizure duration (natural log of seconds). (B) Interseizure interval (natural log of seconds). Epilepsia ILAE types and dosages, which were not necessarily consistent throughout the trial (see Cook et al. 20 for details). Furthermore, surgical implantation of the device may result in acute changes to seizure rates. We have included a supporting figure (Fig. S3) showing seizures against time of day, for the subjects shown in Figure 1 .
The number of detected bursts as well as the mean and standard deviation for the number of seizures and interseizure intervals within the burst are summarized in Table 1 . It can be seen that the majority of seizures within a burst are subclinical events (median 96%), with the exception of subject 7. On average most subjects had 15-20 seizures per burst, with the entire burst typically lasting around 40 min. Figure 2 shows the Fano factor for all seizure counts for all subjects over windows of days, weeks, and months. Of the 15 subjects, a majority had Fano factor significantly >1 (p < 0.05, shown by the red dashed line). Furthermore, for the subclinical seizures at all time scales, the subjects with detected bursts (shown in orange) have the highest Fano factor, indicating a significant difference between burst and nonburst subjects (p = 0.0004 with Wilcoxon rank-sum test on the total seizure rate). This trend was also present (although less evident) when subclinical events were excluded from seizure counts (left panel of Fig. 2 ). All burst subjects, with the exception of subject 9, also demonstrated clustered seizures (defined as more than five clinical seizures in a 24-h period). Seizure clusters ranged from 6 to 20 events per cluster. For a majority of the cluster subjects (five of eight), the median duration of seizures within a cluster was not significantly shorter than nonclustered seizures. Three subjects showed clustered seizures yet did not have bursts (see Table S4 ). Figure 3 compares the distribution of durations of seizures within a burst (orange) to those of nonburst seizures (blue). For nonburst seizures, we have also separated the duration for subclinical events (yellow) and "short" seizures (green). As reported in our previous work, 24 seizure durations for some subjects follow a bimodal distribution, which can be expressed using a Gaussian mixture model. Therefore, we can define short seizures as those belonging to the population with the lowest mean. All burst subjects, except for subject 10, also had bimodal seizure distributions. 24 It can be seen from Figure 3 that seizures within a burst have shorter duration when compared to all other seizures (with the exception of subject 7); however, compared to the short population of seizures, burst seizures were only significantly shorter for subject 9. This result demonstrates that seizures within a burst are not abnormally short, given the distribution of seizure durations.
We also looked for evidence of patterns of the seizure durations within bursts, both graphically and by comparing the durations of the last seizure within the burst to the durations of the preceding seizures. None of the six subjects showed a significant difference between the duration of the last seizure within a burst and previous seizures (p > 0.05 using the Wilcoxon rank-sum test). Figure 4 shows the histogram of seizure durations within bursts aggregated over all subjects. The distribution of the last seizure within a burst closely resembles that of preceding seizure durations (individual subjects' plots are given in Fig. S4 ). Figure 5 shows the energy profile 3 h before burst onset (orange) and nonburst seizure onset (blue) for five of the six subjects that had seizure bursts. Error bars indicate standard error of the mean. Subject 12 was excluded from this analysis. It can be seen subjects 3, 9, and 10 showed a significant increase in energy approximately 1 h before bursts compared to other lead seizures.
Discussion
We have shown that bursts of seizures occur over longterm recording during normal day-to-day activity. This finding indicates strongly that bursts are a persistent feature of epilepsy (for certain subjects), and not the result of medication being tapered during acute monitoring, which is known to be conducive of heightened seizure activity. 25 Although patient diaries have reported seizure clustering, 5 this is the first time these events have been described electrographically through continuous intracranial EEG monitoring. The strength of using longitudinal intracranial EEG monitoring is that it enables detection of subclinical events and much higher clinical event sensitivity over many months. Understanding the underlying physiologic mechanisms of seizure bursts and clusters is of vital importance to the clinical management of epilepsy. It is often tacitly assumed that seizures within a single cluster are related to a single underlying process, or at least that the process generating seizures within bursts is distinct from standalone seizures. We have previously hypothesized that certain subjects demonstrate multiple distinct processes or pathways underlying seizure generation, based on the multimodal distribution of their seizure durations. 24 Bursts occurred primarily in subjects with multiple seizure populations (with the exception of subject 10); however, burst seizures were only a subset of the short duration population. Although burst seizures were shorter when compared to all other seizures, they were not significantly shorter than other seizures within the short population (with the exception of subject 9). Therefore; although the majority of seizures within a burst had short duration, the occurrence of a short seizure is not a sufficient condition to induce or imply bursting.
Ferastraoaru et al. 4 reported that the duration of the last seizure within a cluster was longer, which suggested that a long seizure may be required to terminate ictal activity. We did not observe any significant difference between the last seizures in the burst compared to previous seizures. Furthermore, there were short seizures separated by long intervals. 24 Although there does appear to be a relationship between seizure duration and bursting, there are clearly additional factors regulating interseizure interval. We did observe a significantly different energy profile in the leadup to bursts compared to standalone seizures in three of five subjects approximately 1 h before seizure onset. This implies that bursts have different preictal dynamics for some subjects. We have previously hypothesized that multiple seizure populations arise due to distinct onset mechanisms. 24 Because bursts are associated primarily with the short seizure population, comparing bursts to all other lead seizures could result in the observed difference in preictal dynamics.
Implications for prediction
A key question underlying forecasting is whether seizure occurrence is purely random or if patterns can be observed. A large body of evidence has demonstrated that there are patterns of seizure occurrence relating to sleep-wake cycles, 26, 27 catamenial rhythms, 3, 28 and bursts. During a pervious study we had conducted, all subjects that demonstrated bursts of seizures also showed evidence of circadian and infradian cycles of epileptic activity. 29 It is difficult to detect circadian patterns associated specifically with bursts due to the relatively low number of bursts. However, we did note that subject 3 showed most bursting activity during the night (11 p.m. to 3 a.m.). Conversely all of subjects 9's bursts were in the late afternoon (3-5 p.m.) (See Fig. S3 ). We also show here that seizure rate is overdispersed, most notably for subjects who demonstrated bursts of seizures, which was not consistent with a random process. 7 However, the presence of patterns does not necessarily translate to predictability in a clinical setting. In any case, most seizure prediction algorithms are designed and assessed based on detecting lead seizures, rather than clustered ones. Nevertheless, if seizure intervals demonstrate long memory dynamics, where subsequent intervals are correlated, this Fano factor (ratio of variance to mean) for seizure rate. The y-axis shows the ratio (variance/mean) of the event rate measured over different time windows (x-axis), for 15 subjects (subjects with bursting shown in orange). Note the logarithmic scale on the y-axis. Dotted red lines are the upper bound for a Fano factor significantly >1 (p < 0.05), based on an overconservative estimate using the worst performing subject. Subpanels (left to right) show clinical seizures (defined as either type 1 or type 2 seizures), subclinical seizures (type 3), and total seizure rate. Exact values for the Fano factor are given in Tables S1-S3 . Epilepsia ILAE could improve measures of seizure likelihood. For instance, knowledge of previous intervals could be used to weight the output of classification algorithms, potentially improving prediction performance.
The oft-quoted observation that "seizures beget seizures" is potentially a misnomer, as the word beget implies causation rather than statistical association. Knowledge of causal mechanisms can be used to predict event occurrence on a case-by-case basis, whereas correlations in event timing may be useful only for making predictions about the statistical behavior of seizures. It is not clear that seizures within a burst are actually causally related. Nevertheless, the existence of bursts is intriguing, as they confirm previous observations that there is long-range dependence in timing of seizures. 15 Structure in epileptic dynamics can be exploited in predictive models that consider the timing of subclinical events. For instance self-exciting point processes can be used to estimate the underlying triggering capacity of the brain to generate epileptic activity. 30 
Clinical implications
Recently, Haut 31 reported that seizure clustering occurred in 13-76% of in/outpatients, as measured by diaries, and 18-61% for inpatient monitoring. The large range of results may be due to the lack of a consistent definition for clustering. It is also reported that clusters were associated with extratemporal seizures and drug-resistant epilepsy. In this study, no demographic factors were found to be significantly associated with seizure bursts (age at beginning of study, age of epilepsy diagnosis, sex, number of AEDs taken during study, temporal/extratemporal epileptogenic zone, history of surgical resection), as determined by Fisher exact test (two-sided, p > 0.05). However, it is worth noting that all subjects did have refractory epilepsy. Our detection method captured mainly subclinical events; therefore, results are not necessarily comparable to studies that rely on data from seizure diaries.
There is likely to be a complex, patient-specific relationship between clinical seizures and other interictal epileptic activity. 29 Subclinical burst events may share generating mechanisms as similar to those of clinical seizures, 32 although the association between subclinical seizures and clinical seizures or outcome is unclear. Previous Seizure durations for burst and nonburst seizures. Seizure duration is displayed as the natural logarithm of time in seconds in order to compress the display. The log transform did not alter the significance tests. Box edges show the first quantile, q 1 (25%) to third quantile, q 3 (75%). The median is plotted as a target. Outliers (defined as begin outside the range [q 1 -1.5(q 3 -q 1 )q 3 + 1.5 (q 3 -q 1 )]) are shown as black dots. Groups represent seizures within bursts (orange), all other nonburst seizures (blue), nonburst subclinical seizures (yellow), and nonburst seizures from the short population (green). Significant difference in median as compared to the first group (burst seizures) was calculated using the Wilcoxon rank-sum test (**p < 0.01). Epilepsia ILAE Figure 4 . Distribution of burst seizure duration for all subjects. Histograms show the empirical probability density over the duration (s) of seizures within a burst. The distributions were computed separately for the last seizure within a burst (orange) compared to preceding seizures (blue). Separate plots for each subject are given in Figure  S4 . Epilepsia ILAE reports have shown that subclinical seizures may be associated with greater rates of seizure freedom postsurgery, 33 particularly if they co-localize with seizures. 34 The presence of subclinical seizures and the bursting phenomenon that we see may reflect focal, hyperactive activity potentially targetable by surgery. Although the precise relationship between bursts and clinical seizures is not clear-cut, bursts had clear implications for clinical seizures. We have shown that bursting was associated with highly dispersed seizure rates over multiple time scales (as seen in Fig. 2 ). Bursting was also linked to bimodal populations of seizure durations, and worse predictive outcomes in the original clinical trial of seizure prediction. 24 Furthermore, all but one subject with bursts also showed clustering of their clinical seizures (see Table S4 ), suggesting that temporal patterns of seizures are present at multiple spatial and temporal scales of activity, both clinical and subclinical seizures. Elucidating the relationship between subclinical bursting and clinical seizures will enable a better understanding of epileptic pathways.
Monitoring of bursts of seizures has implications for managing care and measuring the response to new treatment. For instance, if clinical trial results are based on seizure counts, bursts could dramatically influence the results. One strategy is to treat temporally clustered seizures as a single event; however, there is currently no evidence that they are causally related. Our results showed that subjects with bursts of seizures were generally associated with more complex seizure patterns, including high variability in their seizure frequency, and multimodal populations of seizures. Characterizing the response of these subjects to treatment using a mean frequency is misleading, because extreme deviations from the mean are expected. To design effective treatment strategies, it is crucial to design models that account for the dispersion of events as well as their frequency. For instance, underlying network properties strongly influence the statistics of system dynamics, 35 including seizures. 36 Therefore, to investigate the effect of a drug on network properties of the brain, it is important to quantify the shape and variance of the distribution of Average energy build-up to bursts (orange) compared to lead seizures (blue). The five subpanels show the subjects where bursts were identified. Average energy was calculated in a 10 s window (5 s overlap) in the 3 h prior to burst or lead seizure onset. Lead seizures were defined as seizures preceded by a 5h seizure-free window. Energy was calculated individually for each of the 16 channels and averaged across the number of seizures. The plot shows the mean energy, and shaded error represents the standard error of the mean (within 5%, and using Bonferroni correction for multiple comparisons across each time point). Time points where the standard errors did not overlap are represented using black lines at the top of each panel. A single channel from each subject is displayed. The same plots showing all 16 channels are given in Figures S5-S9 . Epilepsia ILAE seizures, particularly where the seizure distribution is known to exhibit phenomena such as bursting, overdispersion, or bimodality.
Supporting Information
Additional Supporting Information may be found in the online version of this article: Figure S1 . Concordance between burst detection. Detections were compared with grouping using natural logarithm and Turnbull method. Figure S4 . Duration histograms for burst seizures. Histograms show the empirical probability density over the duration (s) of seizures within a burst. The distributions were computed separately for the last seizure within a burst (orange) compared to preceding seizures (blue). Figure S5 . Average energy buildup to bursts (orange) compared to lead seizures (blue) for Subject 3. Energy calculation is the same as the main manuscript, Figure 5 . Subpanels show electrode channels 1-16. Figure S6 . Average energy buildup to bursts (orange) compared to lead seizures (blue) for subject 7. Energy calculation is the same as the main manuscript, Figure 5 . Subpanels show electrode channels 1-16. Figure S7 . Average energy buildup to bursts (orange) compared to lead seizures (blue) for subject 9. Energy calculation is the same as the main manuscript, Figure 5 . Subpanels show electrode channels 1-16. Figure S8 . Average energy build-up to bursts (orange) compared to lead seizures (blue) for subject 10. Energy calculation is the same as the main manuscript, Figure 5 . Subpanels show electrode channels 1-16. Figure S9 . Average energy buildup to bursts (orange) compared to lead seizures (blue) for subject 13. Energy calculation is the same as the main manuscript, Fig 5. Subpanels show electrode channels 1-16. Table S1 . Calculated Fano factor on a daily, weekly and monthly scale for all seizures (type 1, type 2, and type 3). Table S2 . Calculated Fano factor on a daily, weekly and monthly scale, with subclinical (type 3) events excluded. Table S3 . Calculated Fano factor on a daily, weekly and monthly scale, for subclinical (type 3) events. Table S4 . Detection statistics for subjects with clustered clinical (type 1 or type 2) seizures. Showing the number of clusters, mean and standard deviation (std) of the number of seizures per cluster, and mean and std of the duration of seizures (s) within a cluster. The right three columns show the total number of nonclustered clinical seizures, and the mean and std of their duration (s). Patients with bursts are shown in red. Patients where the median of clustered seizure duration was significantly shorter than the median duration of nonclustered seizures are given asterisks (* p < 0.05, ** p < 0.01, according to the Wilcoxon rank sum test for equal medians).
